(seven clean and 11 contaminated) cases were successfully segmented with both methods. Time to STL for clean datasets was faster with MS than SAS , p = 0.018] while contaminated datasets were faster with SAS [455 s (384-561) vs. 866 s (310-1429), p = 0.033]. Interobserver STL geometric disagreement was significantly lower using SAS than MS overall (0.70 ± 1.15 % vs. 1.31 ± 1.52 %, p = 0.030), and for the contaminated subset (0.81 ± 1.08 % vs. 1.75 ± 1.57 %, p = 0.036). Most geometric disagreement occurred at areas where left heart contamination was removed. Semi-automated segmentation was faster and more reproducible for contaminated datasets, while MS was faster but equally reproducible for clean datasets. Semi-automated segmentation methods are preferable for contaminated datasets and continued refinement of these tools should be supported.
Introduction
Three-dimensional (3D) printing is an evolving technology that is used increasingly in pediatric cardiology, especially in relation to interventional planning [1] [2] [3] . Use of patient-specific imaging for the creation of 3D printed models (3DPMs) requires the conversion of the imaging dataset into a stereolithography (STL) file, including the process of image segmentation. Segmentation is often time-consuming, and the consistency of the results of segmentation has not been thoroughly investigated in pediatric cardiology [4] .
Patients with tetralogy of Fallot, double outlet right ventricle, truncus arteriosus, and other right ventricular outflow tract (RVOT) lesions often undergo reintervention on the Abstract Three-dimensional printing has an increasing number of clinical applications in pediatric cardiology. Time required for dataset segmentation and conversion to stereolithography (STL) format remains a significant limitation. We investigated the impact of semi-automated cardiovascular-specific segmentation software on time and reproducibility of segmentation. Magnetic resonance angiograms (MRAs) of 19 patients undergoing intervention for right ventricular outflow lesions were segmented to demonstrate the right heart. STLs were created by two independent clinicians using semi-automated cardiovascular segmentation (SAS) and traditional manual segmentation (MS). Time was recorded and geometric STL disagreement was determined (0 % = no disagreement, 100 % = complete disagreement). MRA datasets were categorized as clean when only right heart structures were present in the MRA, or contaminated when left heart structures were also present and required removal. Eighteen olding tool in Mimics, a threshold was determined for each patient image dataset that qualitatively allowed maximal visualization of right heart structures with minimal left heart and extraneous selection. The dynamic and threshold chosen were noted and used for both MS and semi-automated segmentation. Datasets were categorized by a consensus of both reviewers as clean if the thresholded MRA dataset included only right heart structures, while datasets were categorized as contaminated if the thresholded MRA dataset included any left heart or other structures that required cropping.
Segmentation preparation
A single computer was used for analysis (HP ProBook 530, Hewlett Packard, Palo Alto, CA) running Windows 10 Pro 64-bit and Excel 2010 (Microsoft, Seattle, WA). No other programs were actively running on the computer to allow for equal available processing power. The order of the segmentation of the datasets was randomized, and half the datasets were first segmented manually, and half semi-automatically. Both MS and semi-automated segmentation were performed by two pediatric cardiologists (AT and TH) with 2 and 9 years of experience in CMR and image postprocessing, respectively.
Manual segmentation
MS and STL preparation were performed using Mimics and 3-matic (18.0.0.524 and 10.0.0.212, Materialise, Leuven, Belgium). The timer was started with the Mimics and 3-matic screens blank and ended when the STL file was saved. The correct patient was loaded and the correct dynamic selected. Thresholding was applied with the levels determined as above. A region growing seed was placed in the right ventricle to create the first mask. The mask was inspected in 3D view to see if any extraneous data, e.g. left heart structures, needed to be removed. If so, the 3D lasso tool, multiple slice edit tool, and region growing tools were repeated until each cardiologist determined that the right heart structures had been isolated and no left heart structures remained. The mask was converted to a solid 3D mesh object using the Calculate 3D tool with high quality setting, and then converted to an STL file using the STL + tool. The STL file was opened in 3-matic and the shell was selected, inverted, and deleted to create a single object. The fix wizard to correct shell geometry for printing was applied to this object and corrections automatically applied. Finally, the STL file was saved.
Semi-automated segmentation
Semi-automatic segmentation was performed using in Print (1.0.0.156 beta, Materialise, Leuven, Belgium). The timer RVOT as they grow older. For these patients, cardiac MRI (CMR) is indicated to help determine the need for intervention through accurate determination of right ventricular size and function [5] [6] [7] [8] [9] [10] , for improved visualization of the RVOT before going to the cardiac catheterization lab for interventions [11] , and to determine the relationship of the coronaries to the RVOT [12] [13] [14] . During these CMR studies, patients usually undergo contrast-enhanced magnetic resonance angiography (MRA) to create accurate images of the vasculature; these MRA images can then be used to create 3DPMs that can be used in pre-procedural planning [15] . The use of multiple dynamics of the MRA often allows isolation of the right and left sides of the heart, but this process is not always successful; therefore, some right heart MRA can become contaminated with left heart or other extraneous structures.
We compared a standard manual segmentation (MS) method to a semi-automated segmentation (SAS) method, designed specifically for cardiac segmentation, in terms of time to and variation of RVOT STL datasets. We also investigated the differences for clean vs. contaminated datasets.
Materials and methods

Patient selection
We identified patients who had undergone both cardiac MRI and cardiac catheterization due to right heart lesions at a single institution (UT Southwestern Medical Center/Children's Medical Center Dallas) over the last 5 years. Patients were included if they had undergone contrast-enhanced MRA as part of their CMR.
MRA dataset preparation
As a retrospective cohort, there was some variability in the MRA acquisition. The studies generally employed the high-temporal resolution "keyhole" MRA, with representative settings: TR 4-5.5 ms, TE 1.2-1.6 ms, flip angle 35-45°, CENTRA k-space filling, acquired voxel 3 , number of dynamics 6-8, keyhole percentage 25-38 %, two-dimensional SENSE factor 2 × 1-2, yielding approximately a 6 s dynamic time [16] . 0.1 mmol/kg of gadolinium (gadoteridol or gadobutrol) was injected at a rate of 2-3 mL/s.
Each MRA was visually analyzed to determine, qualitatively, which dynamic was the highest quality angiogram of the right heart structures, with the least contamination by left heart or other structures. The CMR dataset was exported anonymously from the PACS system and loaded into Mimics (18.0, Materialise, Leuven, Belgium). Using the thresh-both methods. The dataset that failed SAS had both main and left pulmonary artery stents. The patients ranged in age at time of CMR from 4.4 to 21.7 years (see Table 1 ).
Time to STL
Time to STL for clean datasets was faster with MS than SAS [median 209 s (IQR 192-252) vs. 296 s (272-317), p = 0.018], meaning that MS was 29 %, or 1.5 min, faster; contaminated datasets were faster with SAS [455 s (384-561) vs. 866 s (310-1429), p = 0.033, see Fig. 1 ], a difference of 47 % or 6.9 min.
STL geometric disagreement
Interobserver STL geometric disagreement was significantly lower using SAS than MS overall (0.70 ± 1.15 % vs. 1.31 ± 1.52 %, p = 0.030), and for the contaminated subset (0.81 ± 1.08 % vs. 1.75 ± 1.57 %, p = 0.036, Fig. 2 ). However, there was no significant difference between techniques for clean datasets (0.53 ± 1.40 % vs. 0.60 ± 1.36 %, p = 0.24, Fig. 2 ). Visual displays of differences demonstrate that most of the geometric disagreement occurred at areas where left heart contamination was removed (Fig. 3) .
Discussion
The time to right heart STL was largely dependent on whether the MRA dataset was clean or contaminated. For clean datasets, the time to right heart STL was under 5 min for almost all patients. Using MS with clean datasets required a single seed point and no further segmentation, leading to a very fast segmentation process. Using SAS with clean datasets still required numerous seed points, prolonging the segmentation process. In comparison, using MS with contaminated datasets required significantly more time given that much manual cropping was required. In SAS with contaminated datasets, the left heart structures were automatically segmented individually, thus allowing faster cropping and a significantly faster time to STL as compared to MS. Clinically, the differences in segmentation for clean datasets between MS and SAS are likely negligible, but for contaminated datasets, the time advantage of SAS is clear.
For clean datasets, we found no significant difference in the interobserver geometric disagreement between SAS and MS, likely because the amount of post-processing and cropping required was minimal. For contaminated datasets, which required more post-processing, we found that SAS has lower interobserver geometric disagreement. We believe that this is because SAS segmented left heart structures more consistently than MS, allowing easier cropping. SAS has less disagreement than MS, which is preferred.
was started with the in Print screen blank and ended when the STL file was saved. The correct patient was loaded and the correct dynamic selected. Thresholding was applied with the levels determined as above. Four seed points, used to identify cardiac chambers and start the segmentation process, were used per chamber when possible. The right atrial seed points included the right atrial-superior vena cava junction; the os of the right atrial appendage; the atrial side of the tricuspid valve; and a fourth seed in the body of the right atrium. The right ventricular seed points were placed just distal to the tricuspid valve; in the RVOT just proximal to the pulmonary valve or RV-PA conduit; at the right ventricular apex; and in the body of the right ventricle. The pulmonary seed points were placed just distal to the pulmonary valve or in the proximal RV-PA conduit; at the bifurcation of the pulmonary arteries; and one each in the distal right and left pulmonary arteries. If left heart structures were present in the dataset after thresholding, seed points were placed in these structures as well (e.g. in the pulmonary veins and left atrium, left ventricle, and aorta); automatically segmenting the left heart structures made it easier to later crop them out. The automatic region identification was performed. Left heart structure masks were deleted, and then the right heart structures were combined into a single right heart blood pool mask. If further segmentation was needed, 3D lasso tools were used to remove unwanted areas. A solid part was created from the result. The part was fixed to correct shell geometry for printing, and finally the STL file was saved.
Stereolithography file comparison
The created STL files were compared using 3-matic. A coefficient of difference, (1-Dice similarity coefficient) [17] , was calculated between observers for SAM and MS.
Statistical analysis
Since time to STL had a nonparametric distribution, it was described with median and interquartile range and analyzed using Wilcoxon rank-sum test. Interobserver STL geometric disagreement was described using mean and standard deviation, and analyzed using paired t tests. A p value of <0.05 was considered statistically significant. Statistical analyses were performed using IBM SPSS Statistics (Version 21.0. Armonk, NY: IBM Corp.).
Results
Patient characteristics
Nineteen patients were analyzed based on the inclusion criteria. Eighteen datasets were successfully segmented using improve image contrast will allow for cleaner datasets from which to begin segmentation. In particular, improved temporal resolution will result in shorter dynamic times with less chance of contamination between angiographic phases. These newer techniques will also enable the operaAnother method of speeding the segmentation process would be to obtain MRA datasets with less contamination. To that end, multiple techniques are being developed and optimized to improve the temporal resolution of MRA, such as the keyhole technique [16, 18] , compressed sensing, and golden radial techniques [19] , along with image subtraction [20] . Improvement in these techniques to 
Conclusion
Semi-automated segmentation techniques can decrease the time needed to go from contaminated patient MRA datasets to 3D STLs, and make the process less variable and more reproducible; for clean datasets, both methods seem acceptable. Given that 3DPMs are promising tools for improving preprocedural planning and education, the development of more robust segmentation tools would be beneficial. Further study of different software packages and different SAS techniques are required to continue to push the field further.
tor to decide between acquiring and reconstructing high temporal or high spatial resolution to get the most diagnostically helpful images. Although more research is required in the optimum angiography technique, this study has shown that cleaner datasets require less post-processing, and therefore will likely lead to faster and better segmentation. This then would lead to a quicker progression from CMR MRA datasets to 3DPMs. The MS (Mimics) STL files were invariably larger in volume than the SAS (inPrint) datasets, despite using the same thresholds. In retrospect, we recognized that the major source of size discrepancy between Mimics and inPrint was due to differences in the accuracy setting during mesh creation between the two methods; this yielded MS STL files that were thicker than the SAS STLs (range of median thickness 0.19-0.47 mm, range of maximum thickness 0.64-12.39 mm). This likely overwhelmed any differences in the size discrepancies due to the segmentation process itself. This size discrepancy suggests that alongside a consistent thresholding and segmentation process, a consistent mesh generation setting must be used that allows the most reproducible results. Thus, much work yet needs to be done to assure that STL files, and therefore 3DPMs, accurately represent the underlying anatomy.
Taken as a whole, we believe that our results suggest that SAS is superior to MS for cardiac segmentation, especially for contaminated datasets. We believe that these results will be useful for the development of future segmentation tools. We purposely tested a segmentation task that we believe will be commonly used in the clinical setting in the near future. We also believe our findings will be applicable to whole heart segmentation, especially if specific structures are to be segmented individually.
Limitations
There are limitations to this study. Though settings were used to try and keep the segmentation as similar as possible between SAS and MS, different accuracy settings were used to generate the STL mesh. This, however, illustrates an important consideration for the segmentation process, namely that there are numerous possible methods that may not all yield the same results. Segmentation tools from a single software manufacturer were used, though this was an attempt to standardize segmentation processes as much as possible. A beta version of the SAS software was used, so the performance of the retail version may differ from that in our study. We specifically sought to create right heart datasets given the clinical scenario; results may be different depending on the goal of segmentation. Finally, we used contrast-enhanced MRA datasets to generate the segmentations; other source datasets may yield different results.
